ABSTRACT Chemical kinetic modeling has previously been used to predict that fast-translating codons can enhance cotranslational protein folding by helping to avoid misfolded intermediates. Consistent with this prediction, protein aggregation in yeast and worms was observed to increase when translation was globally slowed down, possibly due to increased cotranslational misfolding. Observation of similar behavior in molecular simulations would confirm predictions from the simpler chemical kinetic model and provide a molecular perspective on cotranslational folding, misfolding, and the impact of translation speed on these processes. All-atom simulations cannot reach the timescales relevant to protein synthesis, and most conventional structurebased coarse-grained models do not allow for nonnative structure formation. Here, we introduce a protocol to incorporate misfolding using the functional forms of publicly available force fields. With this model we create two artificial proteins that are capable of undergoing structural transitions between a native and a misfolded conformation and simulate their synthesis by the ribosome. Consistent with the chemical kinetic predictions, we find that rapid synthesis of misfolding-prone nascent-chain segments increases the fraction of folded proteins by kinetically partitioning more molecules through on-pathway intermediates, decreasing the likelihood of sampling misfolded conformations. Novel to this study, to our knowledge, we observe that differences in protein dynamics, arising from different translation-elongation schedules, can persist long after the nascent protein has been released from the ribosome, and that a sufficient level of energetic frustration is needed for fast-translating codons to be beneficial for folding. These results provide further evidence that fast-translating codons can be as biologically important as pause sites in coordinating cotranslational folding.
INTRODUCTION
Molecular simulations of structure-based, coarse-grained protein models (i.e., G o models (1)) have advanced our understanding of the general principles of protein folding (2) (3) (4) and have provided molecular interpretations of experimental results (5, 6) . In some cases, these models have made predictions in quantitative agreement with experimental data (7, 8) . The numerous variants of such models are alike in that residues that are in contact in an experimentally determined structure are assigned attractive interactions in the force field. Because the parameterization of G o models is based on a single structure, most versions of these models do not allow for nonnative tertiary structure formation. Protein misfolding, which involves the formation of nonnative conformations, is relevant to a wide range of biological phenomena, including the specific activity of enzymes and the aggregation of proteins. Structure-based coarse-grained models able to describe protein misfolding are needed to address these processes.
Several methods have been devised to model transitions among different ordered structures using structure-based models. In the approach of Best et al. (9) , the Hamiltonians encoding different structures are combined through a parallelprogramming method. In the approach by Okazaki et al. (10) , a new energy term is introduced in the force field to shift the equilibrium between two different ordered conformations. These approaches have been used to study protein allosteric movements (10) (11) (12) and fold switching in metamorphic proteins (13, 14) . Here, we present a method that avoids the need for simulating multiple Hamiltonians or adding additional energy terms by assigning different energies to the native and misfolded contacts while maintaining the structural fidelity of each structure. We then apply this method to the process of protein synthesis on the ribosome, with the aim of understanding how codon translation rates influence the likelihood of cotranslational folding and misfolding.
Cotranslational protein folding is likely to occur in an appreciable fraction of the proteome of organisms (15) and can be influenced by the variable speed at which the ribosome translates mRNA codons into amino acids that are added to the growing polypeptide (16) (17) (18) (19) (20) (21) . Under quasiequilibrium conditions, cotranslational folding is determined by the physical forces responsible for domain stability as well as interactions with the ribosome and surrounding macromolecules (17, (22) (23) (24) . Under nonequilibrium conditions, when nascent-chain structural rearrangements occur on similar or slower timescales compared to elongation, the nascent polypeptide explores a smaller number of conformations that are dependent on earlier stages of elongation and thereby on the rates at which codons are translated.
The relationship between elongation rates and cotranslational events is beginning to be quantitatively understood through theoretical, computational and experimental efforts (16, 20, (25) (26) (27) (28) (29) (30) . Kinetic modeling predicted that increasing the polypeptide elongation speed can promote cotranslational folding by reducing the number of misfolding events during the time that the ribosome dwells in the misfoldingprone nascent-chain length regime, contrary to the common view that slow synthesis favors native structure formation (31) . Consistent with this hypothesis, recent experiments (32, 33) and the qualitative trends observed in atomistic molecular dynamics simulations of a small protein (28) imply that slow-translating codons are not always beneficial for cotranslational folding and can promote protein aggregation.
Using our modeling approach, we created two artificial misfolding-prone proteins and simulated their synthesis by the ribosome using Langevin dynamics. Consistent with the chemical kinetic predictions, we find that rapid elongation through the proteins' misfolded region can either facilitate the formation of on-pathway intermediates or delay the formation of misfolded structures until the domain has fully emerged from the tunnel, where folding to the native conformation outcompetes misfolding. Beyond the previous predictions of the kinetic model, we show how the distribution of folding pathways is altered by fast translation, that posttranslational protein dynamics can depend on the translation-elongation schedule, and that a sufficient level of energetic frustration is needed before fast-translation becomes beneficial for folding.
MATERIALS AND METHODS

Constructing the multibasin G o model
The protocol for constructing a multibasin G o model, as well as the details about the coarse-grained ribosome and nascent chain are provided in the Supporting Material.
Starting structures and simulation protocols
To construct the two misfolding-prone protein models, Protein Data Bank (PDB) PDBs:1RYK and 2BTG (multibasin model 1) and PDBs:1ZZV
and 1ND9 (multibasin model 2) were defined as the native and misfolded structures, respectively. Selection of these PDBs was discussed in the Results and Discussion. An Escherichia coli ribosome was converted into a coarse-grained model using the crystal structure with PDB:5AFI. A 60-amino acid (aa) residue unstructured linker (sequence ¼ 5 0 -AVQLA LAALI SALEK EVVIL LALVK ALGAL LLLLA ALAAL AAIDA LELVA ATALL LLLVA-3 0 ) was generated in an extended conformation using the CHARMM simulation software package (https://www.charmm.org/) and attached to the C terminus of the nascent chain. The linker sequence was obtained as the consensus sequence of C-terminal unstructured regions from the database of cytosolic E. coli proteins reported in Ciryam et al. (15) . Atomistic structures were coarse-grained using one bead per amino acid and three or four beads per nucleotide. The ribosome-nascent-chain complex was assembled using in-house code developed for single-structure G o models, as described previously (34) .
Langevin dynamics simulations were performed with a friction coefficient of 0.05 ps À1 using a modified version of the CHARMM software that includes the Debye-H€ uckel and double-well functional forms for the electrostatic and angle potential terms, respectively. This friction coefficient minimizes the folding time in simulations of isolated proteins. The Langevin equations of motion were integrated every 0.015 ps and the temperature was set to 310 K, which is the optimal growth temperature of E. coli.
The two multibasin G o-models, built using the combination of PDBs:1RYK and 2BTG or PDBs:1ZZV and 1ND9, were simulated with replica exchange (REX) simulations either off the ribosome or attached to arrested ribosomes at different nascent chain lengths. Selected nascent chain lengths were used in stalled ribosome simulations as reported in the Supporting Material (Figs. S1 and S9) to provide a description of the structural ensembles populated on the ribosome, while reducing the computational burden. For each REX run, 20 replicas were used ranging in temperature from 300 to 550 K, and 100,000 exchanges were made, with the first 20,000 eliminated from the analysis to allow for system equilibration. Four-thousand integration time-steps were carried out between attempted REXs.
For each translation-elongation schedule, 300 continuous synthesis simulations were performed at 310 K starting from a nascent chain length of 40 residues and ending at 129 or 140 residues. An unstructured linker was attached to the C terminus and synthesized from nascent chain length 70-129 (multibasin model 1) or 81-140 (multibasin model 2). The unstructured linker allows the protein domain to fully emerge outside the ribosome exit tunnel, thereby mimicking the synthesis of a domain within a multidomain protein. Synthesis simulations were carried out at different amino acid addition rates. For the uniformly fast and slow synthesis simulations, residues (Ca beads) were added to the nascent chain every 0.15 and 15 ns, respectively. All translation-elongation schedules used in this study are reported in the Supporting Material (Fig. S4) .
Every 7 ns, on average, a residue was added to the nascent chain in our simulations, which is a much faster timescale compared to the average experimental value of $100 ms measured in E. coli (35) . The use of such residue addition times was nevertheless necessary to compensate for the accelerated dynamics typical of protein coarse-grained models (36, 37) . After previous simulation studies of cotranslational folding, the elongation timescales used in our simulations are obtained by rescaling the average experimental elongation timescale by a factor of 10 6 to 10 8 (8, 26, 29) . The acceleration factor can also be obtained by comparing the rates of protein folding in experiments and coarse-grained simulations. Two studies addressed the relationship between experimental and simulated protein folding timescales using coarse-grained models and found that the simulated folding rates were 10 4 and 10 5 faster compared to experiments (38, 39) . Albeit smaller than the rescaling factors we used, these estimates do not account for the larger spread of experimental folding rates compared to simulations and moreover, they can depend sensitively on the friction used in the Langevin equation. Because of the larger spread of experimental data, from the mentioned studies we could estimate larger acceleration factors, within the range of the ones we used in this work.
Analyses
Conformations and related free energies and probabilities were characterized in the simulations based on selected structural quantities including the root mean square deviation (RMSD) RMSD k , where k indicates the experimental native (n) or misfolded (m) structure, and the fraction of contacts Q k that are similar to those of structure k. (The latter quantity is commonly known as the fraction of native contacts, but for clarity with the terminology adopted for n and m, we do not use this expression.) A contact between residues I and J is present in a given system configuration if the distance between Ca(I)-Ca(J) is within 0.5 Å of the same distance in the kth crystal structure.
From arrested ribosome simulations, the probabilities p(Q n ,Q m jL) were calculated using a bin width of 0.07 and combined using the formula P L pðQ n ; Q m j LÞhSðQ n ; Q m Þ, where the summation is performed on a set of nascent chain lengths selected as described before. Maxima on the surface S correspond to frequently visited conformations and were used to partition S into structurally distinct conformations as described in the Results and Discussion.
Pathways were defined as the time series of states populated as a function of nascent chain length. The states defined by S(Q n ,Q m ) were used to identify all pathways. The edges of the rectangles that partition S (Fig. 3 a) were decreased by 0.05, to reduce the noise caused by trajectory recrossings at their borders. This operation preserved the overall state definitions and generated small gaps where conformations were assigned to the most recently visited state. To reduce the extremely large number of possible pathways, a clustering was performed. Two pathways were assigned to the same representative pathway if the difference between them was <20%. The difference metric was defined as 1=N t P t d½'ðtÞ À 'ðtÞ 0 ,
where N t is the number of time points in the trajectory, ' and ' 0 are two pathways, and d is the Kronecker function. The same procedure was used to calculate the number of transitions between states. The software tools VMD (http://www.ks.uiuc.edu/Research/vmd/) and gnuplot (http://www. gnuplot.info/) were used to generate the figures (40) .
Statistical significance of the difference between state probabilities p I was assessed using the two-tailed Student's t-test. Error bars on the state probabilities correspond to the 95% confidence intervals.
RESULTS AND DISCUSSION
A coarse-grained model that allows for protein misfolding
To study the general features of protein misfolding, a multibasin coarse-grained protein model was created as detailed in the Supporting Material and was subsequently applied to the study the co-and post-translational folding of misfolding-prone proteins. In this approach, a G o-based force field is initially generated based on a structure representing the native state (denoted n) (1, 41) . This force field is subsequently augmented with information based on a conformation representing a misfolded state (denoted m), thereby capturing the competition between the two potential energy surfaces. Rather than combining the two energy surfaces into a single surface displaying two minima (9,10), we sum the residue-residue interaction potentials in a single nonbonded term (Eq. S1) (11, 12, 42) , as this procedure is easy to implement and does not assume any potential energy surface topology a priori. Here, we apply this approach to compact structures with different shapes and sequence lengths.
It is difficult to experimentally characterize the structure of soluble misfolded proteins because of their heterogeneous, transient nature and their tendency to aggregate. Therefore, we chose two well-resolved and ordered structures n and m to create multibasin model 1, composed of N n ¼ 69 and N m ¼ 45 residues, respectively, and built the artificial misfolding-prone protein depicted in Fig. 1 . These structures were selected randomly from the PDB, requiring that they be E. coli proteins <100 residues in length, that they have different topologies, and that N m < N n . The last two conditions were imposed to allow the modeling of between two residues (see term U nel in Eq. S1). The misfolded-state contact map (magenta) is embedded in the native-state contact map (green) starting at position s ¼ 3 through a procedure that minimizes the number of shared contacts between the two structures (gray). (c) Given here is an illustration of the full-length misfolding-prone construct. The native structure is composed of residues 1-69, whereas the misfolding-prone region is between residues 3 and 47. The unstructured linker starts at residue 70. (d) Shown here is a coarse-grained representation of the ribosome-nascent chain complex used in the simulations (left). Coarse-grained interaction sites are centered on the Ca atom of amino acids (yellow and magenta) and on the phosphorus atom (P, cyan), ribose center (R, light blue) and base-ring centers (B, dark blue) of nucleotides (right). Folding and misfolding events are energetically driven by the network of contacts in (b), as the metastable domain (yellow) is being synthesized by the ribosome.
off-pathway misfolding events, which have been detected experimentally (43, 44) . The interaction networks that stabilize structures n and m were represented as contact maps Z (n) and Z (m) , respectively. Z (m) is embedded within Z (n) at a specific position, s, defined as the position at which the first element of Z (m) occurs within Z (n) after the optimization procedure described in the Materials and Methods. This procedure aims to merge the two contact maps such that the number of interresidue contacts that are common to both n and m is minimized. The resulting combined contact map has some contacts that are unique to each structure n or m and others that are shared (gray pixels in Fig. 1 b) . The 32 shared contacts, found when Z (m) is embedded within Z
at its optimal position of s ¼ 3 residues, are all short-ranged, intrahelix interactions with interresidue distances differing by <1 Å . These shared contacts are then uniquely assigned to either the n or m structure. The contacts found in the merged contact map have Lennard-Jones well depths equal to either ε n or ε m (Eq. S3). These parameters influence the relative stability of the n-and m-like conformations in the coarse-grained model. The ε n and ε m values are chosen following a three-step procedure (see Materials and Methods for details). In the first step, ε m was set to 0.001 (i.e., misfolding cannot occur) and ε m tuned to match the experimental folding free energy of n, resulting in an ε n value of 1.5 kcal/mol at 310 K, the temperature of E. coli optimal growth (this temperature is used in all subsequent simulations). Fig. 2 a illustrates the protein's free energy surface as a function of the fraction of contacts (Q n , Q m ) for the simulation at (ε n , ε m ) ¼ (1.5, 0.001) kcal/mol, where n is stable and m is never populated. The only visible basin is centered around (Q n , Q m ) ¼ (0.8, 0.2), corresponding to a well-formed native state.
In the second step, misfolding is introduced by increasing ε m . The goal is to have a protein that predominantly populates its folded state at equilibrium, with a small misfolded population. Therefore, using target native and misfolded populations, respectively, of p 0,n ¼ 0.95 and p 0,m ¼ 0.05, and a number of contacts h n ¼ 79 and h m ¼ 48, we estimate that ε m ¼ 2.5 kcal/mol will achieve this level of misfolding based on Eq. S5 (see Materials and Methods). The increase of ε m from 0.0 to 2.5 kcal/mol perturbs the system's equilibrium and dynamic properties, producing a shift of the native-state basin from ( as evidenced by an average root mean square deviation (RMSD), RMSD n ¼ 2.0 Å and average RMSD m ¼ 5.0 Å , where RMSD k is the RMSD from the experimental structure k. A larger Q m value results from those shared contacts that are present in both the native and misfolded states (gray pixels in Fig. 1 b) . Transitions to the misfolded state are observed in simulations with ε m ¼ 2.5 kcal/mol ( Fig. 2 b) , resulting in native (all conformations having RMSD n % 4.0 Å or Q n R 0.6) and nonnative populations of 0.8 and 0.2, respectively. Both n-and m-like conformations are explored with high structural fidelity, reaching RMSD values %3 Å from their corresponding n and m structures (Fig. 2 b) .
As the third step in the procedure, aimed at decreasing the probability of observing nonnative states (misfolded and additional compact states), we lowered ε m , thereby correcting for the fact that Eq. S5 does not account for the formation of additional states. The final, tuned energy values (ε n *, ε m *) ¼ (1.5, 2.0) kcal/mol produce a multibasin model with native and nonnative state populations of 0.99 and 0.01, respectively, which are close to the target populations (Fig. 2 a) .
Folding kinetics consists of fast and slow phases
We characterized the folding kinetics of the protein whose tuned force field parameters are (ε n *, ε m *) by running 800 independent temperature-quench simulations (22) . In each simulation the protein was first heated to 1000 K for 30 ns, then instantaneously cooled to 310 K and simulated for an additional 100 ns. All 800 trajectories were confirmed to be unfolded after the initial heating phase based on their low Q n and Q m values. We then computed the fraction of trajectories that were folded at each time point using the native state definition Q n R 0.6 and Q m % 0.6, and observed a fast and slow folding phase (Fig. S2 ). The fast phase has a characteristic folding time of 1.0 ns, similar to that found in G o models of other proteins (22, 34) , with $56% of the trajectories folding on this timescale. Such multiphase kinetics is common in energetically frustrated proteins or large proteins, and has been observed experimentally (45, 46) as well as in coarse-grained protein models with transferable force fields (47) and in G o models that cannot populate misfolded states (34) . For some proteins, the slow-folding timescale can be on the order of minutes (45) . In the rest of this article, when we refer to the folding time of the model protein, we are referring to the 1.0 ns value of the fast phase.
The misfolding-prone protein explores a heterogeneous structural ensemble on the ribosome
To understand how translation kinetics impacts the cotranslational folding of this protein, we first characterized the states the nascent chain populates on arrested ribosomes, as these states provide a reference to which the continuous-synthesis simulation results can be compared. The misfolding-prone domain was attached to an unstructured C-terminal linker that, at its full length, allows the domain to emerge from the exit tunnel and fold ( Fig. 1 c) , thereby mimicking the behavior of an N-terminal domain that is part of a multidomain protein. Arrested ribosome-nascent chain (RNC) complexes were simulated using REX (48) at nascent chain lengths, L, between 40 and 129 residues, using the tuned (ε n *, ε m *) force-field values. We did not simulate nascent chain lengths shorter than 40 residues because the nascent protein populates only unfolded conformations at those lengths (Fig. S1 ).
As L increases from 40 to 129 residues the protein explores different conformations at equilibrium (Fig. S1 ). At the shortest nascent-chain lengths the protein is unfolded, but at intermediate and longer lengths the conformations are, respectively, most similar to the misfolded and native structures. We characterized the conformational ensembles explored during the arrested RNC simulations using the probability function S(Q n , Q m ) of finding a conformation with fractions of contacts equal to Q n and Q m (Fig. 3 a) . S(Q n , Q m ) is an average over the probabilities at the different L values shown in Fig. S1 . The maxima and minima of S(Q n , Q m ) allow us to partition this space into distinct conformational subpopulations corresponding to the native (N), misfolded (M), combination (C), disordered (D), and unfolded (U) states (Fig. 3 b) . States N and M occupy the regions of S that have high values of Q n or Q m , implying that they resemble, respectively, the experimental structures n or m. Indeed, we find that the RMSD between state FIGURE 3 Nascent-protein structural states populated during arrestedribosome REX simulations. (a) Shown here is a contour map of the probability function S(Q n , Q m ) of finding conformations with fractions of contacts Q n and Q m during arrested ribosome simulations at 310 K. S is computed by summing the probabilities of observing Q n and Q m at selected nascent chain lengths between 40 and 129 residues (see Materials and Methods). Darker contour lines indicate higher probability values. The partitioning of the (Q n , Q m ) space is indicated by the colored boxes and is based on the position of the maxima and minima of S. N from the experimental structure n is lower (0.8-3 Å ) than the RMSD between N from the experimental structure m (4.5-5 Å ; Fig. S3 ). We find the opposite result for state M (data not shown). The U and D states are the least compact, and for this reason they occupy regions with the lowest (Q n , Q m ) combinations. State U is largely devoid of secondary and tertiary contacts, whereas state D preferentially occupies the gray rectangle at higher Q m values in Fig. 3 a because D is populated at L < 65 (Fig. S1) , when the majority of contacts permitted to form belong to the contact map Z (m) . Because other contacts are prevented from forming due to the steric confinement of the ribosome exit tunnel, state D differs from state M. The two regions enclosed within the cyan rectangles in Fig. 3 a correspond to state C, which has structural features of both n and m, stabilized by a roughly equal number of contacts from each structure. The most likely conformation is the one having an N-terminal segment similar to the m structure whereas the C-terminal is folded similarly to the n structure. However, state C is heterogeneous, as different combinations of the n and m structures are allowed to form by the force field.
The state definitions illustrated in Fig. 3 account for the formation of isolated secondary structural elements within the ribosome exit tunnel. However, because these secondary structures form only transiently during the arrested ribosome simulations they only contribute marginally to the probability S(Q n , Q m ). This partitioning of the conformational space provides a reduced set of states that we use to study the behavior of the nascent protein during continuous synthesis simulations.
Rapid synthesis through misfolding-prone segments increases cotranslational folding
To determine if fast elongation improves cotranslational folding, we performed synthesis simulations of the misfolding-prone nascent chain at various elongation schedules {t aa (L)}, where t aa (L) indicates the time of elongating the nascent chain from length L to Lþ1. The t aa (L) values used in our simulations are smaller than the experimentally measured times of amino acid addition in E. coli. As described in greater detail in the Materials and Methods, we used faster elongation timescales to take into account the accelerated dynamics inherent to coarse-grained simulations at low viscosity (20) . Results from these simulations are presented in Fig. 4 as the probability of observing a state I at nascent chain length L, where I is one of the states U, D, C, M, or N (Fig. 3) . As in the arrested ribosome simulations, we started the continuous synthesis simulations at a nascent chain length of 40 residues to reduce the simulation time. This choice does not affect our conclusions, because below 60 residues the nascent protein is unfolded (black data points in Fig. 4) .
We find that when the protein is synthesized uniformly slowly (t aa (L) ¼ 15 ns at all L), the states are populated at shorter nascent chain lengths compared to when elongation is 100-fold faster (Fig. 4 a) . State D starts to be populated at L ¼ 63, state M at L ¼ 65, and state C at L ¼ 77 residues when synthesis is uniformly slow (schedule s30 in Fig. S4 c) , whereas at a uniformly faster elongation (schedule s2 in Fig. S4 c) , state D appears at L ¼ 66, and either M or C at L ¼ 71 residues. For both elongation schedules, N starts to be appreciably populated at L¼ 89 residues, consistent with earlier simulation results (22) . The positions at which the state probabilities achieve a maximum also shift to longer nascent chain lengths when elongation is faster (Fig. 4 a) . At the longest nascent chain length of 129 residues, the uniformly fast elongation schedule promotes the formation of 59% more nativelike molecules compared to the uniformly slow schedule (p N ¼ 0.51 vs. 0.32 in Fig. 4 a; p value < 10 -4 Student's t-test), whereas the probabilities of populating M and C decrease. Thus, uniformly faster elongation increases the probability of cotranslational folding whereas slower elongation promotes misfolding in this artificial protein.
Comparing the state probabilities during the uniformly slow-and fast-synthesis simulations, we noticed that the probability of misfolding p M (orange symbols in Fig. 4 a) is dramatically altered between the nascent chain lengths of 70-90 residues, where, according to the equilibrium (arrested) ribosome simulations, the nascent protein populates the misfolded state (see Fig. S1 ). This suggests that the nascent chain conformations explored at these lengths are particularly sensitive to changes in elongation rates and therefore that this region may be a major cause of downstream changes in the probability of cotranslational folding p N . To test this hypothesis, we simulated protein synthesis using a slow rate at residue positions 70-90, whereas the remaining positions were synthesized at the fast rate (schedule s6 in Fig. S4 c) . Slowing down elongation in this region causes the fraction of nativelike molecules at the final nascent chain length to decrease by 63% compared to the uniformly fast elongation (p N ¼ 0.51 decreases to 0.19 in Fig. S4 a; p value <10 -4 Student's t-test). A similar decrease (Fig. S4 b) is obtained even when the region of slower elongation is reduced to only a single residue located at position 80 (schedule s37 in Fig. S4 c) . Thus, rapidly synthesizing through the misfolding-prone region promotes this protein's cotranslational folding.
A general trend in cotranslational folding versus synthesis time
We next examined if this effect could be observed using a more diverse set of elongation schedules. We simulated the protein's synthesis using 36 additional elongation schedules (Fig. S4 c) , which can be classified into three groups: 1) uniform schedules, 2) schedules that differ in the misfolding-prone region or adjacent segments, and 3) schedules with a single slow-translated residue. We plotted the probability of cotranslational folding as a function of the reduced time T mis ¼ t mis /t f , where t mis is the time that the ribosome dwelled in the misfolding-prone region (i.e., residues 70-90) and t f ¼ 1.0 ns is the folding time of the fast phase off the ribosome. Because the protein kinetics are accelerated as a consequence of both the coarse-grained representation and low-friction simulations, the absolute time t mis cannot be compared directly to experiments unless the acceleration factor is known (20) . It is therefore useful to rescale the simulated timescale t mis by t f to eliminate this intrinsic acceleration.
We find that the probability of domain folding at the final nascent chain length increases as T mis decreases, whereas the probability of populating nonnative states decreases in an anticorrelated fashion (continuous lines in Fig. 4 c) .
When synthesis is very fast, eventually becoming comparable to or faster than the folding time of this protein (T mis < 4 in Fig. 4 c) , the likelihood of folding is larger than the likelihood of misfolding. The size of the data points in Fig. 4 c is proportional to the time T syn necessary to synthesize the entire protein. The majority of points with large or small sizes are distributed, respectively, at large and small T mis values. Thus, for this protein, cotranslational folding is promoted, on average, by fast synthesis across the misfolding-prone region, as well as across the entire polypeptide.
Even though the native and nonnative state probabilities follow a sigmoidal relationship as a function of T mis (solid lines in Fig. 4 c) , there are deviations that are explained in part by the different total synthesis times T syn . For example, the largest magenta and yellow data points in Fig. 4 schedule (s40 in Fig. S4) , deviate from the general trends. In this case, although slow synthesis across the misfoldingprone region initially increases the misfolded population up to 0.95, the slow elongation of the remaining protein segment affords the nascent chain enough time to transition from states M or C to N, which is the thermodynamically favored state at the end of synthesis. This suggests that the state probabilities are also sensitive to the kinetics of protein synthesis across the segments adjacent to the misfoldingprone region.
The interplay between elongation timescales across the different protein segments is more clearly illustrated when the state probabilities are plotted as a function of T syn (Fig. 4 d) . The regime that promotes folding by speeding up elongation is visible at intermediate values of T syn (region II in Fig. 4 d) , consistent with Fig. 4 c. This is also the region where the state probabilities show the largest variability (between 0 and 0.69). Two additional regions are distinguishable in which speeding up synthesis either penalizes folding or has a neutral effect. For relatively large T syn values (region III in Fig. 4 d) , the probability of cotranslational folding decreases as the elongation speed is increased because, as noted earlier, the nascent protein is closer to thermodynamic equilibrium. For relatively small values of T syn (region I in Fig. 4 d) , the state probabilities remain almost constant as a function of the total synthesis time, with a more populated native state compared to the misfolded state. In region I, the overall fast synthesis allows the nascent protein to populate unstructured conformations at later stages of elongation (nascent chains >92 residues) and consequently to evolve toward the native state more easily than toward the misfolded state.
The data in Fig. 4 , c and d, indicate that T syn and T mis can independently affect cotranslational folding, suggesting that elongation schedules with a similar total synthesis time but different distributions of elongation rates can produce very different cotranslational behaviors. To test this hypothesis we selected two schedules, the nonuniform, fast schedule s5 (Fig. S4 c) and the uniformly fast schedule, and compared their synthesis outcomes. Schedule s5 differs from the uniformly fast schedule in that it has a faster elongation rate in the misfolding-prone region and slower elongation rate for L > 90 residues, but a similar T syn value (within 3%). At the end of synthesis, the cotranslational folding probability of the nonuniform, fast schedule (p N ¼ 0.69, yellow circles in Fig. 4 b) is 35% higher than the uniformly fast schedule (p N ¼ 0.51, yellow circles in Fig. 4 a) . An additional comparison between the uniformly slow schedule and the nonuniform, slow schedule s39 (Fig. S4 c) , which differ by <4% in T syn , reveals that the folding probability decreases from 0.32 to 0.01 at the end of synthesis (yellow triangles in Fig. 4, a and b) , essentially abolishing cotranslational folding. (In the schedule s39, t aa (L) is relatively large in the misfolding-prone region and relatively small in the region L > 90 to achieve a T syn similar to the uniformly slow case.) Thus, even when two schedules have similar total synthesis times, the populations of native and nonnative states can be very sensitive to how the fast-and slow-elongation rates are distributed during synthesis, especially in the misfolding-prone region.
These simulation results are consistent with in vivo experiments that measured either an increase of protein aggregation upon slowing down translation (49) or a decrease in protein misfolding upon speeding up translation (32) . The degradation of gB-crystallin was observed to decrease upon synonymous codon substitutions that increased the mRNA translation speed (32) . Based on our results, we speculate that some of the slow-to-fast synonymous codon substitutions might have been introduced in misfoldingprone regions of gB-crystallin, thereby promoting cotranslational folding. In another experiment, fast-to-slow synonymous codon mutations were introduced in the nucleotide binding domain 1 of the cystic fibrosis transmembrane conductance regulator (49) . By affording this domain enough time to populate long-lived nonnative conformations, slower elongation may have negatively impacted folding of this topologically complex protein, in agreement with our results.
Fast elongation promotes folding by reducing the number of pathways involving misfolded states
The folding pathways of the nascent protein were characterized to determine the molecular mechanisms by which faster elongation promotes folding and penalizes the formation of misfolded conformations. Using the clustering procedure described in the Materials and Methods, we calculated a set of representative cotranslational folding pathways, accounting for 87 and 85% of the uniformly fast and slow synthesis trajectories (Fig. 5) .
The most probable pathway in the uniformly fast (Fig. 5 a) and slow synthesis (Fig. 5 b) trajectories leads to state M at the end of synthesis. This pathway is characterized by a long-lived M state that does not transition to any other states, indicating that the N-terminal region of the nascent protein can populate kinetically trapped misfolded conformations as soon as the protein emerges from the ribosome exit tunnel. This pathway accounts for 26% of the fast-synthesis pathways and 42% of the slow-synthesis pathways (Fig. 5) , suggesting that the fast schedule may be responsible for promoting folding by decreasing the number of molecules forming misfolded states during synthesis. To test this hypothesis, we calculated the fraction of trajectories that visit state M at least once during the simulation. We find that the number of pathways involving state M decreases from 91 to 57% when the elongation speed is increased. Taken together, these observations suggest that speeding up elongation helps folding by reducing the number of initial transitions U(D)/M and the likelihood to populate M at subsequent elongation stages.
Concomitant with the decrease in misfolding pathways, Fig. 5 , a and b, show that speeding up elongation increases the number of pathways leading to N by the end of synthesis, in agreement with the results in Fig. 4 a. The most probable series of state transitions responsible for the formation of N is the transition U(D)/C/N, which occurs in 37% of the fast pathways and 5% of the slow ones. Two additional mechanisms are U(D)/N and the pathway to N mediated by previous formation of M. Whereas the former mechanism occurs in 6% of the fast pathways and 0% of the slow ones, the latter occurs in 9% of the fast pathways and 24% of the slow ones. Therefore, speeding up synthesis promotes folding pathways through state C and decreases those involving state M. Such phenomenon in the chemical and biological sciences is referred to as kinetic partitioning, where kinetics plays an important role in driving a system into different states (50) . Thus, fast rates of amino-acid addition can influence the kinetic partitioning of nascent proteins to favor folded structures at the expense of misfolded conformations.
To further understand the role that the elongation rates play in selecting the molecular pathways to the folded state, we analyzed the trajectories generated with two schedules that achieve high folding probabilities of 0.62 (schedule s26) and 0.69 (schedule s5) by the end of synthesis (Fig. S4 c) . Under schedule s26, in which the misfolding-prone region elongates two times faster than s2, pathway U/N is the most probable (Fig. S5) , whereas the most probable pathway for schedule s5 is U/D/ C/N (Fig. S6) . From this analysis we conclude that the nascent protein can reach the folded state following multiple pathways, and that the elongation schedule determines which of these pathways is most likely during synthesis.
Fast synthesis helps protein folding above a threshold-level of energetic frustration
We next explored how changing the stability of the misfolded state and the rate of nascent protein elongation affect the amount of correctly folded protein produced at the end of synthesis. Specifically, we varied ε m between 0.001 and 2.5 kcal/mol and held ε n constant at 1.5 kcal/mol, thereby modulating the degree of frustration in the system. We find that at or below an ε m of 1.5 kcal/mol, fast elongation decreases the cotranslational folding probability, whereas above this value fast elongation increases cotranslational folding (Fig. 6 ). Although this threshold value of ε m will most likely be protein dependent, these results indicate that a particular level of energetic frustration is required for fast elongation to promote folding. We speculate that strengthening the misfolded state interactions results in slower interconversion rates between the states, thereby shifting the system into a kinetically controlled regime during protein synthesis.
Robustness with respect to changes in ε n
To ensure our main conclusion is robust with respect to the choice of ε n , we varied ε n between 1.3 and 1.5 kcal/mol and ε m between 1.3 and 2.2 kcal/mol, and synthesized the protein at the uniformly fast and 10-fold slower elongation schedules (Schedules s2 and s10 in Fig. S4 c) . We computed the difference in the resulting folding probabilities at the last a b 
Posttranslational protein behavior can be influenced by cotranslational events
To examine if the elongation history affects the posttranslational behavior of our model protein, we continued the simulations after the nascent protein had completed synthesis and had been released from the ribosome. As before, we rescaled the time-dependent results from the posttranslational simulations by the fast-phase folding time of this protein (1.0 ns) to provide a reduced timescale that is unaffected by the accelerated dynamics characteristic of coarse-grained models. Posttranslational simulations were started from the ensemble of nascent-chain conformations reached at the end of the nonuniform, fast and nonuniform, slow synthesis simulations (schedules s5 and s39 in Fig. S4 c) because they resulted in the highest and lowest cotranslational folding probabilities (0.69 vs. 0.01; Fig. 4 b) . During the posttranslational simulations we observe that, whereas the fraction of folded molecules increases over time, differences between the folding probabilities persist during the 35-ms posttranslational simulation (Fig. 7) . We also simulated the protein's posttranslational behavior starting from the conformational ensembles populated at the end of the uniformly fast and slow elongation schedules. For this case, there is very little difference in the protein's postsynthesis behavior during the 9-ms simulation (Fig. S7) , likely due to a smaller difference between the starting folding probabilities (0.51 vs. 0.32; Fig. 4 a) . These results demonstrate that in some cases the influence of the translation-elongation schedule can persist long after a protein has been synthesized. This implies that the fraction of posttranslational proteins that are misfolded can be modulated through the appropriate choice of the elongation schedule. Consistent with our results, experiments have found that synonymous codon substitutions altered an antibody's posttranslational binding affinity and aggregation propensity (51) , suggesting that the antibody's cotranslational folding was perturbed by altered translation kinetics.
The same effects are observed in another artificial misfolding-prone protein
To test whether the main conclusions of this study can apply to other proteins, we constructed an additional misfoldingprone system by combining the single-basin G o models of PDBs:1ZZV (structure n) and 1ND9 (structure m). The contact map of the resulting coarse-grained model (Fig. S8) is characterized by the optimal value s ¼ 1 (see definition in the Materials and Methods). The force-field parameters ε n and ε m (see Eqs. S2 and S3), which describe the strengths of the contacts in Fig. S8 , were tuned to values of 1.6 and 1.48 kcal/mol, respectively. The resulting coarse-grained protein model can populate a folded state composed of 80 residues with a a/b topology, or a misfolded state composed of 49 residues with a-helical topology. In REX simulations without the ribosome, the probabilities of the native and misfolded states are, respectively, 0.98 and 0.02 at 310 K.
The protein predominantly populates the misfolded state at nascent chain lengths between 70 and 105 residues, according to the arrested-ribosome simulations (Fig. S9, a  and b) . Therefore, we simulated synthesis of this protein using two elongation schedules whose rates differ only in the misfolding-prone region (Fig. S9 c) . When elongation is faster, we observe a fourfold increase in the probability of cotranslational folding compared to when synthesis is slower (0.36 versus 0.08, Fig. S9 d) . These results indicate that fast-translating codons can help proteins with different native and misfolded topologies to fold cotranslationally.
The ratio of simulation timescales are relevant to one-third of the E. coli proteome A question of fundamental importance concerning the validity of our results is whether the ratio of timescales of amino acid addition to domain folding is realistic, because this ratio influences how far from equilibrium cotranslational folding is in our simulations, and consequently the importance of kinetic control to the folding process. In our simulations, amino-acid addition occurred on timescales ranging FIGURE 6 The probability of cotranslational folding probability as a function of elongation kinetics and interresidue interaction strength ε m . One-hundred protein synthesis simulations were carried out for each value of ε m and uniform amino acid addition time, while keeping ε n fixed at the tuned value of 1.5 kcal/mol. The amino acid addition time is rescaled by t f ¼ 10 ns, the mean folding time of this protein off the ribosome. The size of each point, and the number close to it, represent the fraction of folded molecules (state N in Fig. 3 ) at the end of synthesis (residue 129). Speeding up elongation increases the fraction of folded molecules when ε m > 1.5 kcal/mol (e.g., going from 15 to 0.15 at ε m ¼ 2.0 or 2.5 kcal/mol). from 0.03 to 15 ns, and the mean folding time of the fast-kinetic phase was 1.0 ns off the ribosome (Fig. S2) . Thus, this ratio varies from 0.03 to 15 in our simulations. To estimate the fraction of the cytosolic E. coli proteome that falls within this range we utilized the estimated domain folding times from the structural and kinetic database in Ciryam et al. (15) , which reports the folding times for 1236 domains from 758 cytosolic proteins. Assuming the E. coli's average codon translation time is 0.10 s, allowing us to compute the ratio of amino-acid addition to folding time of each domain in the database. We find that 37% of the proteome falls within the simulated ratio of timescales, indicating that by this metric, our simulations are kinetically relevant to an appreciable fraction of E. coli proteins.
CONCLUSIONS
In this study, we have introduced, to our knowledge, a new protocol for incorporating misfolding into structure-based coarse-grained models of proteins. This method allows information from two experimental structures to be incorporated into the parameterization of the force field, to maintain the structural fidelity of the alternative tertiary structures and to tune the relative stability of these ordered states. Our approach can be used with publicly available force fields (e.g., CHARMM, AMBER), without the need for modification to their functional forms or implementation of multi-Hamiltonian simulations. Although we modeled artificial misfolding-prone proteins, our approach can be applied to real misfolding-prone proteins, provided highresolution structures of both the native and misfolded states are available. A key challenge in this latter area is that soluble, misfolded structures have not been characterized at high enough resolution in the experimental literature to be used as inputs for our modeling strategy.
We applied this coarse-grained methodology to understand at the molecular level how fast-translation can promote protein folding, complementing the predictions obtained from a previous kinetic model (31) . We simulated the synthesis of two proteins, each able to populate different native and misfolded states, using a variety of translationelongation schedules. We also simulated the posttranslational behavior of one of them. Our results indicate that because these nascent proteins can be trapped in long-lived nonnative states, the outcome of synthesis (state probabilities and folding pathways) strongly depends on the distribution of amino acid-addition rates during elongation. Specifically, in the nonequilibrium regime, the simulated nascent proteins are more likely to reach the native state at the end of synthesis if elongation across the misfoldingprone segments is fast, consistent with the chemical kinetic predictions (31) . This trend is also observed when the entire protein is synthesized quickly, which is qualitatively consistent with lower levels of aggregation observed experimentally upon speedup of translation in yeast and worms (47) . Fast elongation rates are beneficial not only for folding in difficult-to-fold regions, but a suitable combination of fast and slow elongation rates can also maximize cotranslational folding. Conversely, we observe that even a single slowtranslating codon may result in very high levels of nascent-protein misfolding (Fig. S4 b) whose effect can persist after the protein has been released from the ribosome (Fig. 7) .
Deviations from these trends are mainly observed when synthesis of the nascent protein is slow enough to switch the protein's behavior from a nonequilibrium regime (i.e., kinetic control) to a quasi-equilibrium regime (i.e., thermodynamic control). Because the kinetic regime that a nascent chain experiences is a complex function of the various timescales associated with translation and cotranslational folding (26) , not all proteins that are misfolding-prone will benefit from fast elongation. However, we have estimated that up to 37% of cytosolic E. coli proteins have values of the ratio of folding time to elongation time that fall within the range of ratios used in our simulations. This suggests that the kinetic partitioning mechanism we have observed in our simulations may be relevant to an appreciable subset of proteins.
The results of our simulations confirm the kinetic partitioning mechanism identified previously in a chemical kinetic model. By utilizing a coarse-grained description of the nascent protein and the ribosome, we have explored this phenomenon using a more realistic model, which is able to capture energetic and structural details of cotranslational folding, and that results in a multiplicity of folding FIGURE 7 Posttranslational protein dynamics. Shown here is the time evolution of the probability of populating state M (orange), C (cyan), and N (yellow) after the nascent chain has been released from the ribosome. The simulation time t is rescaled by the mean folding time of the fast-kinetic phase of this protein off the ribosome (t f ¼ 10 ns). The postsynthesis simulations are started from the conformations that the nascent protein attains at the end of the two synthesis simulations reported in Fig. 4 b. Circles and triangles denote, respectively, simulations started after the nonuniform, fast elongation schedule (s5 in Fig. S4 c) and the nonuniform, slow elongation schedule (s39 in Fig. S4 c) . The probabilities of populating states U and D are close to zero, and are therefore not plotted.
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pathways that are absent in the kinetic model. The coarsegrained model has provided a number of additional insights including a molecular view of the coupling of cotranslational folding and elongation schedules, how individual pathway probabilities are affected by 40 different elongation schedules, how increasing energetic frustration shifts the protein from a regime in which accelerating translation elongation hinders folding to one in which it helps, and the impact of elongation on posttranslational protein behavior. How broadly our conclusions apply to other proteins depends on additional factors, including the structural details of the native and misfolded states and the location of the misfolding-prone segment along the protein's sequence. Therefore, we do not expect that all misfolding-prone proteins will benefit from fast translation elongation rates. For example, a protein with a misfolding segment located at its C terminus would not benefit from the kinetic partitioning mechanism we have identified because both the misfolding-prone region and the fully synthesized domain would simultaneously emerge from the exit tunnel. An interesting question for future research is to understand if the use of fast-translating codons is a wide-spread evolutionary strategy to prevent aggregation caused by cotranslational protein misfolding. Answering this question will require either the application of our approach to a large, diverse set of different proteins or high-throughput experimental methods. and are, respectively, the fraction of contacts formed as in structures 1RYK and 2BTG (see Fig. 1 ). For clarity, numbers on the axes are not shown but start from left to right, and bottom to top at 0.0 and end at 1.0, with tick-marks spaced by 0.2. The darker the color, the more probable the occurrence of that combination of and values. Simulations were carried out at 310K. Fig. 1 is synthesized at either a fast ( ) or 10-fold slower ( ) speed using a force field with the indicated ; . A difference Δ > 0 indicates that, for the given combination of and , faster protein synthesis increases the native state probability.
SUPPORTING MATERIAL
Constructing a multi-basin Gō model.
To construct a coarse-grained protein model that can be used to simulate conformational transitions between different ordered structures we start by modeling the interactions stabilizing each structure separately (i.e., we first create single-basin Gō models 1 ). We then combine these interactions and tune the parameters of the resulting force field to obtain the final model, which we refer to as the multi-basin Gō model.
Two structures from different proteins are chosen from the Protein Data Bank (PDB) to represent the native (n) and misfolded (m) conformations. The misfolded structure is defined as the one containing the smaller number of residues. For each structure n or m, we build a single-basin Gō model as detailed in reference 2 . Each amino acid is represented as one interaction site (bead) centered on the Cα atom. This resolution is the minimal possible that allows secondary and tertiary structural transitions to be simulated, while reducing the computational time. The force field of the single-basin Gō model of structure k is (S1) The parameters for the dihedral and electrostatic terms, which depend on the primary structure, are uniquely defined by setting k = n in Eq. S1. Below, we describe a procedure to tune the parameters of the force field such that transitions can occur between conformations that are highly similar to the experimental structures n and m.
The first step in defining the multi-basin force field is the identification of contacts stabilizing structures n and m (term ( ) + ( ) in Eq. S1). For each structure k = n or m, with residues, these contact networks are reported in the symmetric -by-matrix referred to as the contact map . This position will be indicated by s, which is the position of the most N-terminal residue of structure m relative to the N-terminal residue of structure n. By definition n and m have a number of residues that satisfies ≤ , therefore the value s can vary between 1 and − + 1. In order to reproduce structures n and m with high structural fidelity during a simulation the optimal s value should minimize the number of shared contacts between the two structures. To determine this optimal s value value of is estimated according to
Eq. S5 is derived by assuming that the system can populate only n and m with probabilities , given by the Boltzmann formula , ∝ / for k = n, m and satisfying , + , = 1. The energy is the minimum non-bonded potential energy in state k = n, m and equals − , where is the number of contacts found in the block of matrix ( ) within indices and + . Replica exchange simulations are then performed to obtain ( * , * ) values that match the target populations , and , .
Force field for the ribosome and linker
The ribosome is treated as a rigid body that interacts with the nascent chain through excluded volume and electrostatic interactions as described in ref. 2 . To improve computational efficiency the ribosome (PDB id 5AFI) was trimmed to have the shape of an umbrella -larger around the exit port and tapered towards the P-site. Specifically, only those coarse-grained sites within 2 nm from the exit tunnel axis were retained, together with a few sites belonging to the small ribosomal subunit and tRNAs and a large portion of the outer ribosome surface surrounding the exit tunnel opening. The final, trimmed ribosomal structure is composed of 4,536 coarse-grained sites. By comparing the results of synthesis simulations (uniformly-fast elongation schedule) using the trimmed ribosome structure and the full ribosome we find that trimming does not significantly affect the results. The force field of the nascentchain linker consists of the bonded terms , , and a structure-independent non-bonded term , which is weakly attractive to keep the linker unstructured (the single interaction strength is =0.05 kcal/mol). All functional forms are the same as in the multi-basin Gō model. Parameter values not reported in this section are calculated as described in reference 2
